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Abstract: The University of Wollongong landslide research team has developed a 
comprehensive GIS-based Landslide Inventory of the 550 km
2 
Wollongong Local Government 
Area (WLGA) and surrounding regions, just south of Sydney in the State of New South Wales, 
Australia. This inventory includes 575 landslide sites and forms the crucial centerpiece of the 
methodology reported in this paper. The inventory identifies 2.95% of a 188 km
2
 escarpment 
study area to be covered by landsliding reported during the last 120 years. With GIS-based data 
sets, a ‘slide’ category landslide susceptibility map layer has been developed with the aid of 
‘knowledge-based’ data-mining techniques. Susceptibility zones have been classified as (a) 
known landslides, (b) high susceptibility with ~ 8% of the area subject to landslides (contains 
57% of the known landslides), (c) moderate susceptibility with 4% of the area subject to 
landslides (contains 35% of known landslides), (d) low susceptibility with 0.85% of the area 
subject to landslides (contains 3.7% of known landslides), and (e) very low susceptibility with 
<0.1% of the area subject to landsliding (represents 71% of the study area). It is important to 
note that the high susceptibility zone identifies over 2,300 hectares of land, outside of known 
landslides, as being highly susceptible to landsliding. The ‘slide’ category susceptibility maps 
have been upgraded to hazard level maps with identification and labelling of site specific 
frequency, volume and ‘profile’ angles for each landslide. The average landslide frequency of 
occurrence for each susceptibility zone has been determined. 
 
AIMS AND SCOPE 
This paper summarises the use of a comprehensive large scale regional GIS-based Landslide 
Inventory, various GIS-based data sets, including large scale geology, a 10m pixel Digital 
Elevation Model and the development of Landslide Susceptibility and Hazard maps for rainfall 
triggered ‘slide’ category landslides (Cruden and Varnes 1996). Data-Mining techniques 
(Quinlan 1993) are used to develop the Susceptibility classification. Significant work has also 
been completed on modelling both ‘flow’ and ‘fall’ category landslide Susceptibility; however, 
that work will be reported elsewhere. 
Processes and mechanisms of slope failure are controlled in Wollongong by factors such as 
stratigraphy, geotechnical strength parameters, hydrogeology, geomorphology, slope inclination 
pore water pressure and the actions of man. The landslide inventory contains 3 types of 
landslides, namely falls, flows and slides. Prolonged and/or intense rainfall is typically the 
trigger for significant landsliding. The average annual rainfall for Wollongong varies from 
1200mm on the coastal plain and up to 1600mm along the top of the escarpment.  
 
STUDY AREA 
The city of Wollongong is nestled on a narrow coastal plain approximately 70km south of 
Sydney in the state of New South Wales (NSW), Australia as shown in Figure 1. Over the last 
150 years of modern settlement the population of the Wollongong area has increased to about 
200,000 people. The coastal plain is triangular in shape with a coastal length of 45km. The 
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coastal plain is up to 17km wide in the south and extends north to Thirroul. The coastal plain is 
bounded to the north, west and south by an erosional escarpment of Neogene Age ranging in 
height from 300 m up to 500 m. 
The escarpment consists of slopes with moderate to steep inclinations with several 
intermediate benches and cliff lines. The geological sequence encountered on the escarpment 
comprises an essentially flat-lying sequence of interlayered sandstone, mudstone and coal of the 
Illawarra Coal Measures, overlain by interbedded sandstones and mudstones/claystones of the 
Narrabeen Group. Spectacular cliffs of Hawkesbury Sandstone (of Middle Triassic age) cap the 
escarpment and there is dense vegetation over most of the escarpment below these cliffs.  
 
Figure 1. South Eastern Australia reference map showing the Wollongong Study Area, the 
Wollongong Local Government area and the GIS Model Area with known landslides. 
 
WOLLONGONG REGIONAL LANDSLIDE INVENTORY 
The Landslide Inventory, developed over the last decade, comprises a relational MS Access 
and ESRI ArcGIS
TM
 Geodatabase with over 70 fields of information for each landslide site 
(Flentje and Chowdhury 2005). Field mapping and compilation work has been carried out using 
maps and GIS software at 1:4000 or larger scales. Each landslide is referenced by the key Site 
Reference Code. The Landslide Inventory currently contains 575 Landslides with a total of 965 
landslide events (including first time occurrences and multiple recurrences at some sites). The 
575 landslides comprise 42 falls, 43 flows and 480 slides according to the Cruden and Varnes 
1996 classification. In addition, there are several scour related sites and a few that have not been 
classified. A total of 426 Slide category landslides are located within the 188 km
2
 Model area 
(Figure 1). Landslide volumes have been estimated for 378 of these sites. The volumes range 
from <1m
3
 up to 720,000m
3
, with an average volume of 21,800m
3
. Figure 2 shows the temporal 
distribution of landsliding as reported in the Landslide Inventory. This clearly shows the 
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majority of sites have been recorded since 1950 with a marked increase since 1988. The period 
1988 to 1992 corresponds to a period of higher rainfall and 1988 is also when the first author 
moved to this area, and thereafter has a personal interest and record of the area. 
The slides are all considered to be episodically active, being activated by elevated pore water 
pressures resulting from periods of significant rainfall. Previous UoW research has led to the 
determination of regional rainfall thresholds for triggering landslides (Flentje and Chowdhury, 
2006). 
Landslide monitoring and observations of Slide Category landslides in the Wollongong 
region show that these landslide types typically move a few millimetres to a few tens of 
centimetres in response to a given rainfall event. It is rare for such a landslide to move a meter 
or more in one rainfall event. The velocity is thus in the range Extremely Slow to Slow (IUGS, 
1995) while the maximum monitored velocity was a Moderate rate of almost 5mm per day for 
several weeks in late 2004. Ongoing landslide monitoring will lead to a better understanding of 
the relationship between pore water pressure, antecedent rainfall magnitudes and rates of 
landslide movement (Flentje and Chowdhury, 2006). 
 
Figure 2. Temporal distribution of landslide events recorded in the UoW Landslide Inventory. 
 
ADDITIONAL GIS-BASED DATA SETS  
The landslide research team at the University of Wollongong have developed a GIS-based 
methodology for identifying and mapping zones of slide category landslide susceptibility. Prior 
to describing this technique it is appropriate to outline, briefly, the GIS-based data sets that have 
been developed for this project. Some of these digital data sets (‘maps’ in the old parlance, but 
in this digital age they are now significantly enhanced digital GIS-based data sets) have been 
developed as part of this project using fundamental engineering geological mapping principles. 
Additional data sets have been acquired through other agencies and others have been generated 
by the GIS software using the Digital Elevation Model. 
In addition to the Landslide Inventory described above, ten GIS-based data sets have been 
compiled. These data sets are listed below while space limitations for these proceedings 
preclude further discussion of each data set here: 
• Geology (21 variables comprising the mapped geological formations) 
• Vegetation (15 variables comprising the mapped vegetation categories) 
• Slope Inclination (continuous floating point distribution) 
• Slope aspect (continuous floating point distribution) 
• Terrain Units (buffered water courses, spur lines and other intermediate slopes) 
• Curvature (continuous floating point distribution) 
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• Profile Curvature (continuous floating point distribution) 
• Plan Curvature (continuous floating point distribution) 
• Flow Accumulation (continuous integer) 
• Wetness Index (continuous floating point distribution) 
 
GIS-BASED DATA PREPARATION FOR DATA MINING 
GIS facilitates the overlaying of disparate data sets using the spatial properties of the data. 
While GIS is a great mapping tool, it also facilitates analyses that evaluate relationships between 
various spatial systems in order to quantify processes and phenomena. All the datasets have 
been assembled into one ESRI ArcMap
TM
 document. With the aid of the GIS application 
extension Hawths Analysis Tools (Beyer, 2005) and the Intersect Point Tool it contains, an 
ASCII xyz output file was produced for the specific purpose of a Data Mining (DM) analysis 
using the See5 software. The ASCII xyz output file incorporates the fully attributed data from 
each of the 1.88 million pixels of the model, for each of the eleven input layers. 
The GIS capabilities have been combined here with the power of the knowledge-based DM 
software See 5. Heuristic ‘data mining’ is the science of computer modelling of a learning 
process. The DM learning process extracts patterns from large databases, whether they are 
concerned with organisational processes or, as in this case, natural phenomena. These patterns 
can be used to gain insight into aspects of the phenomena, and to predict outcomes (in this case, 
pixels with characteristics matching those of known landslides) as an aid to decision-making. 
The DM process used in this application is outlined in Figure 3. 
 
 
Figure 3. Flow chart outlining GIS-based and Data Mining methodology used to develop Slide 
Category Landslide Susceptibility Zoning Maps for the Wollongong City Council Area. 
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The See 5 software is a well developed commercial progression of the seminal work 
surrounding its predecessor, C4.5 (Quinlan, 1993). Both software products have been utilised in 
a diverse range of domains including, complex signal processing and control Stirling (2002), 
dynamic spatiotemporal contexts (Sun et. Al. 2006, Zulli and Stirling, 2005 and Stirling 2005), 
as well as numerous spatial contexts using GIS (Huang et al 2001, Xian, 2002). 
Early work on this methodology, proposed by the University of Wollongong, was carried out 
in collaboration with Geoscience Australia (Chowdhury et al, 2002). 
 
THE DATA MINING PROCESS 
The DM approach uses a training subset of the full data set of 1.88 million pixels. The 
training subset includes all of the landslide xy points (29,480 points), and to balance the 
numerical output of the model, an approximately similar number (a whole number proportion of 
the remaining total non landslide points) of randomly selected non landslide xy points (35,815 
points). Hence, the complete training subset (in this instance) totals 65,295 points (3.47%), each 
representative of the centre point of a 10m
2
 pixel, of the total 1.88 million points. 
The See 5 software examines the training data and develops a symbolic Decision Tree which 
defines the data. Each arm of the Decision Tree defines a Rule Set (Table 1). The See 5 software 
examines both aspects of the training data (the landslide and non-landslide components) and 
cross validates the set of rules developed independently for each component with the opposing 
set to determine rule confidence values. The confidence values vary from -1 to 1, the non 
landslide ‘confidence’ values varying from-1 to 0, whilst the landslide ‘confidence’ values vary 
from 0 to 1. The number of rules produced by the model can be pre-set by the user and this 
variable determines the precision of each rule. Clearly, with more rules, the conditions defined 
by each rule will become more and more specific.  
 
DATA MINING RULES 
The Model, containing a number (R) of contextually sensitive rules, essentially maintains a 
judgement committee of R multiple hypotheses. Example rules from the 40 member Rule Set 
generated for this model are shown in Table 1. Each rule is ranked with a confidence factor, 
after evaluation and validation, by the Laplace Ratio (n-m+1)/(n+2) where n is the number of 
training cases that a specific rule correctly recognises and m, if it appears, is the number of cases 
that do not belong to the class predicted by the rule (class 1 = landslide, class 0 = not landslide). 
In addition, a measure of the gain potential, or lift, of each rule is also assessed, which is the 
ratio of each rule’s confidence relative the frequency in the training set of its class prediction. 
 
Table 1. Two example Rules from the 40 long Rule Set 
Rule 3: (1629/265, lift 1.9) Rule 19: (1428/419, lift 1.3)
Slope > 9.5
0
Wetness > 0.00162
Plain Curvature <= -0.14 Aspect <= 194.7
0
Geology {3, 5, 6, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 19} Geology = {3, 15, 16, 17}
UoW Vegetation = {4, 8, 16} Terrain Units = 2
class 1  (landslide) [confidence 0.837] UoW Vegetation = {0, 6, 7, 9, 11, 12}
class 0  (not landslide) [confidence - 0.706]  
 
When multiple rules respond in order to classify a pixel, an aggregation resolution of their 
individual decisions (class predictions) is formulated, using the weighted confidence of each 
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rule. Rule sets are then applied to the Entire Model Area. For efficiency, the trained model 
(represented by the rule sets) is also maintained as a compiled binary object, which can be 
further utilised by other programs for comparative or predictive purposes. To this end, a 
specialised prediction program was written to process the complete data set of 1.88 million 
pixels. 
For every candidate pixel, the ultimate susceptibility is judged to be the aggregation of all 
rule confidences (both positive or negative/slide or no slide) that apply, as more than one rule 
often applies to each pixel. Apart from this, all of the responding rules are also noted for further 
analysis. These predicted values and features are later merged with the pixel coordinates into an 
ASCII text file, which is in turn managed (read) by the GIS.  
 
PERFORMANCE OF “KNOWLEDGE BASED” DATA MINING MODELLING 
To aid in the post DM analyses of the modelled confidence distribution, a script was written 
in Visual Basic code. This code ranked the data according to decreasing model confidence and 
determined the cumulative percent of data each value represented in the ranked list. Figure 4 
shows the distribution of DM model ‘confidence’ for the preferred final slide model. The graph 
displays two curves, the upper red curve shows the distribution of model confidence for the 
landslide pixels, and the green lower curve shows the distribution of model confidence for each 
pixel in the entire model (1.88 million points). The graph highlights the excellent performance 
of the modelling. This is highlighted with the high model confidence for a very high proportion 
of actual landslides (red curve). As expected, a smaller but significant proportion of the area as a 
whole (green curve) is also predicted with a relatively high confidence.  
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Figure 4. Distribution of model Confidence for both the landslide training points (red) and the 
entire model area (green) versus percent of data for the c5m75 model. 
 
Also shown on Figure 4, is the selected data mining ‘confidence’ based Landslide 
Susceptibility zone boundaries as summarised in Table 2. The ‘confidence’ values used to 
define the Susceptibility zone boundaries are arbitrary values. A segment of the Landslide 
Susceptibility map is shown in Figure 5. However, the quantitative review process which is 
summarised here validates the process and ensures it is completely transparent and open for 
review. Field validation is also used as summarised in the following section.  
As summarised in the abstract, the DM modelling of Landslide Susceptibility has derived 
significant groupings and allowed well defined zones as shown in Figures 4, 5 and Table 2. The 
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mapped landslides have been shown as a Susceptibility class on there own. Other susceptibility 
zones have been classified as (a) high susceptibility with ~ 8% of this area subject to landslides 
and containing 57% of the known landslide population, (b) moderate susceptibility with 4% of 
this area subject to landslides (contains 35% of known landslides), (d) low susceptibility with 
0.85% of area subject to landslides (contains 3.7% of known landslides), and (e) very low 
susceptibility with <0.1% of the area subject to landsliding and yet representing 71% of the 
study area. The high susceptibility zone identifies over 2,300 hectares of land, outside of known 
landslides, as being highly susceptible to landsliding. Furthermore, the model also identifies 
over 13,000 hectares as having a very low susceptibility to landsliding. 
 
Table 2. Susceptibility Classification showing % of Study Area coverage and % of Slide 
category landslides population per class 
Susceptibility 
Class
C5 Model 
Confidence Range
% of Susceptibility 
Class  area affected 
by Slides
Susceptibility Class 
as % of Study Area
% of Total Slide 
Population in 
Susceptibility Class
Very Low  (min) -0.98 to -0.46 0.10 70.86 4.1
Low > -0.46 to -0.345 0.85 6.47 3.7
Moderate > -0.345 to 0.73 4.12 9.23 35.1
High > 0.73 to 0.81 (max) 8.12 13.44 57.1  
 
 
Figure 5. Segment of the Landslide Susceptibility Map. Legend as shown in Table 2. 
Underlying grid is 1km square and North is towards the top right diagonal of the figure. The 
inset shows the hazard labelling, as described below, for one landslide, Site 113. 
 
CORRELATION BETWEEN FIELD ASSESSMENT AND MODEL PREDICTIONS  
Over a 12 month period, during 18 days of field work, 759 field assessments of Landslide 
Susceptibility were recorded as summarised in Table 3. The field assessment work was 
undertaken by one engineering geologist (the first author) with 20 years of field experience in 
the local area and accompanied on half of the days field work by a geotechnical engineer with 
20 years field experience interstate, outside of the study area. 
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The work was completed using GPS (sub 7m resolution) and on occasions DGPS (sub 1m 
positioning) to record spatial positioning, and assessing the susceptibility of an area equating to 
a 50m diameter circle centred at the recorded location. Whilst the GIS based modelling was 
completed using 10m pixels, the field assessment team concluded it was not possible to 
physically assess a 10m by 10m rectangular area alone, without being influenced by the 
surrounding terrain and conditions. It was concluded however, by both workers, that it was 
possible to assess, in the field, an area equating to a 50m diameter (25m radius) circle.  
Numerical values of 1 to 4 were assigned to each of the field assessment locations from very 
low, low, moderate to high Landslide Susceptibility respectively. These assessments were 
completed at each location for susceptibility to slides, flows and falls (the latter two not being 
referred to here). Using ESRI ArcGIS
TM
 Spatial Analyst Zonal Statistics, the mean modelled 
Susceptibility value within GIS generated 50m diameter circles centred on each of the GPS 
recorded locations was determined.  
 
Table 3. Summary of Field Susceptibility Assessment. 
Susceptibility 
Class
Field 
Assessment
Count
Very Low Class 1 157
Low Class 2 203
Moderate Class 3 193
High Class 4 206  
 
It was decided to plot the difference, D, between the value assessed in the field and the 
average value predicted by the model (Figure 6). This difference is plotted in the histogram 
below. Therefore the difference D = 0 indicates the count for which the correlation is perfect. 
Results are rounded to the nearest whole number. Almost 52% of the sites have average model 
results the same as they have been assessed in the field. An additional 21%, have been assessed 
by the computer model to be one Susceptibility class greater (the model is conservative) than 
that during the field assessment, and an additional 5% have been assessed to be two 
Susceptibility classes greater than the field assessment. A further 19% have been assessed to be 
one Susceptibility class less than (model not conservative) that during the field assessment. 
 
Figure 6. Difference between the Field and Modelled Landslide Susceptibility values. 
 
This field assessment was initially carried out as a field validation exercise. However, the 
field assessments were often difficult, and the subjective aspects of even experienced workers 
making relatively quick (30 to 50 locations were recorded during each of the field days) field 
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assessments of complex landslide susceptibility issues were highlighted during this exercise. 
This is reflected in the title of this section, which has been carefully worded. However, the field 
assessments have been extremely useful in calibrating the model, particularly in the 
identification and delineation of susceptibility category boundaries. 
 
HAZARD ASSESSMENT 
The ‘Slide’ category Susceptibility maps described above have been enhanced with 
additional detail regarding each landslide site and averages per zone such that they can be 
regarded as ‘Slide’ category Hazard maps. The Susceptibility and Hazard zones are co-linear, 
although the maps have a significantly different type and level of detail accompanying them. On 
both the Susceptibility and Hazard maps, each landslide site is identified and labelled with its 
own unique Site Reference Code. On the Hazard Maps each landslide is also labelled with its 
specific landslide frequency, landslide volume and ‘profile’ angle as shown in Figure 8. 
Furthermore, the average landslide frequency of occurrence for each zone has been determined. 
This is the main descriptor for each Hazard zone on this map. 
The average landslide volume per zone has been determined with the GIS, based on the zone 
in which the central point of each landslide was located. The average landslide volume per zone 
is another descriptor for Hazard on this map, as summarised in Table 4. 
Landslide Frequency has been calculated from the total number of known recurrences at each 
landslide site. The specific landslide frequency for each landslide appears as the third label for 
each landslide. The average annual landslide frequency has been determined for all landslides 
within each Hazard Zone and is another descriptor for Hazard on this map, as summarised in 
Table 4. Figure 2 displays a summary of the temporal distribution of landslides within the UoW 
Landslide Inventory and highlights the scarcity of data relating to landslides prior to 1950. The 
average distribution of landslide frequency between the years 1880 to 2006, and for the period 
1950 to 2006 is shown in Table 4. The later period is based on more complete data and is 
considered to be more reliable. 
The ‘profile angle’ of each Slide Category landslide has been determined by digitising a point 
mid way along the rear main scarp and at the toe and querying the elevation at each of these 
points using a 2m DEM elevation grid. The profile angle of known landslides is considered 
important as it has implications for landslide mobility. It is also very useful to consider the 
distribution of the profile angles and this is included here. The average ‘profile angle’ is 17º. 
The profile angle for each landslide is shown as the fourth label for each landslide. 
 
Table 4. Summary of Hazard Assessment based on Landslide Inventory. 
Hazard 
Description
Landslide Annual 
Average Frequency 
(1880 - 2006)
Landslide Annual 
Average Frequency 
(1950 - 2006)
Maximum 
Landslide 
Volume (m³)
Average 
Landslide 
Volume (m³)
Very Low 0.0098 0.0165 36,300 3,500
Low 0.0102 0.0172 4,700 1,450
Moderate 0.0125 0.0221 45,000 5,700
High 0.0144 0.0247 720,000 28,700  
 
SUMMARY 
A comprehensive, large scale regional GIS-based Landslide Inventory has been used with 
other GIS data and Data Mining techniques to develop a transparent, entirely data driven 
Landslide Susceptibility and Hazard model. The modelling methodology is flexible, quantifiable 
and non-subjective and readily allows the generation of GIS-based map outputs, the scale of 
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which are determined by input data alone. The modelling technique is already being applied to 
other areas and at other scales within Australia. The authors look forward to reporting the results 
of this continuing work at a later time.  
 
Corresponding author: Dr Phil Flentje, School of Civil, Mining and Environmental 
Engineering, Faculty of Engineering, University of Wollongong, Wollongong, NSW, 
AUSTRALIA, 2522. Tel: +61 2 42213056. Email: pflentje@uow.edu.au. 
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